Introduction
Increasing quality and productivity are two major goals in such high volume sheet metal assembly processes as the automotive body assembly. The dimensional integrity of an automotive body has tremendous impact on the quality of the final vehicle. Dimensional quality is a measure of conformance between the actual geometry of manufactured products and their designed geometry.
Traditional methods for quality improvement are primarily based on statistical analysis of the measurement data for product, which focuses on process inspection and process change detection rather than root cause determination. Those methods are not effective for the fault determination of complex systems with highvolume production such as automotive body assembly.
Fault diagnosis methods can improve quality by eliminating product nonconformance and can increase productivity by reducing the breakdown time of the tooling. These methods can also reduce the ramp up time during the launch of a new process and product by eliminating preproduction faults.
Fault diagnosis approaches can be divided into heuristic-based diagnostics, evolutionary computation-based diagnostics, and model-based diagnostics methods ͓1͔. Heuristic approaches, such as a rule-based approach, perform diagnosis based on the process knowledge collected from historical data. A number of successful industrial applications have been developed for mature production processes. However, they cannot be applied during a new product and process launch or during preproduction stages when historical data about the faults are unavailable. Evolutionary computationbased diagnostic approaches such as neural networks and genetic algorithms have strong abilities for learning a new fault configuration. However, they require a large amount of training data with varied fault patterns, and thus cannot be applied during the launch of a new product. Model-based fault diagnostic systems generally use diagnostic models to define the relationship between the measured signals and individual faults ͓2͔. The effectiveness of model-based diagnosis strongly depends on the correctness and comprehensiveness of the process and product models used for the diagnosis. In model-based diagnostic approaches, the diagnostic models have an analytical foundation; therefore, they can take advantage of various parametric identification and statistical techniques ͓3͔. In the area of sheet metal assembly, there is only limited development in modeling of sheet metal processes and products for the purpose of fault diagnosis.
Tight quality and productivity requirements put great emphasis on the need of integrating in-line measurements ͑instead of offline measurements͒ and in-process quality improvement ͑instead of post-process inspection͒. In-Process Quality Improvement (IPQI) focuses on the combination of process variability identification, localization, and root cause isolation of multi-level automotive body assembly systems. A hierarchical group structure model was developed to represent a multi-level body assembly system, and a statistical data grouping and diagnostic reasoning technique was developed based on this model. This modeling approach and its associated statistical analysis methods led to the first knowledge-based diagnosis methodology for dimensional control of the body assembly process ͓4͔. Researchers have also focused on the fixture-failure-related problems in the assembly processes. A systematic methodology for single fault isolation of fixturing sheet metal assembly processes was developed by Ceglarek and Shi ͓5͔. This method was expanded to include the multiple fault situation by using least square algorithms ͓6͔. Rong and Bai ͓7͔ presented an analytical approach to study the locator error effect on part geometry accuracy by modeling three locating reference planes using geometric plane constraints. Recently, progress has also been made in modeling the variation propagation of multiple parts and multiple stations using a state space model ͓8͔. All these approaches have significantly improved the understanding of fixture failures and diagnosis of sheet metal assembly processes. However, these approaches are based on the assumption that all assembled parts are rigid.
In sheet metal assembly processes, dimensional problems resulting from the compliant characteristics of the parts/subassemblies greatly impact the dimensional quality of the product. Shalon et al. ͓9͔ and Shiu et al. ͓10͔ indicated that part deformations due to the compliant characteristics are among one of the most frequent causes of preproduction dimensional problems. This paper will focus on the diagnosis of dimensional faults of sheet metal assemblies, considering the compliant characteristics of the parts/subassemblies. Little work has been done on the diagnosis of compliant assembly processes. The presented methodology is based on the beam-based modeling of assembly structures developed by Shiu et al. ͓10͔ and on the in-line dimensional measurements of the products. A generic model of dimensional faults for compliant beam structure assemblies is developed in the form of diagnostic vectors. Diagnostic vectors are derived from the inversed stiffness matrix of the beam structure. On the other hand, fault symptoms ͑variation patterns͒ obtained from the measurement data are modeled using principal component analysis ͑PCA͒, as eigenvalue/eigenvector pairs. The analytical relationship between engineering model ͑the diagnostic vector͒ and statistical model ͑the fault pattern͒ is established, which lays the basis of scientific understanding and application of the PCA in the diagnosis of compliant assemblies. The fault mapping is executed using pattern recognition and statistical hypothesis tests as decision criteria. The outline of this approach is shown in Fig. 1 . This paper is organized as follows. The assembly process, fault-symptom relation and beam-based modeling method for compliant beam structures are described in Section 2. In Section 3, a generic model of dimensional faults in the form of diagnostic vectors is developed. The analytical relationship between diagnostic vectors and fault patterns obtained from the measurement data represented by the eigenvalue/eigenvector pairs is derived. In the last part of Section 3, the diagnostic reasoning and fault mapping procedure is developed using statistical hypothesis tests. To illustrate the proposed method, simulation results and a case study are presented in Sections 4 and 5 respectively. Conclusions are summarized in Section 6.
Assembly Process Modeling
2.1 Assembly Process of Compliant Parts. Compliant assemblies are widely used in automotive body and airplane frame manufacturing industry. The assembly processes for compliant parts are very complex and these products require high dimensional accuracy in general. For example, an automotive body is assembled out of 200-300 sheet metal parts and subassemblies in 55-75 assembly stations ͑fixtures͒, and the dimensional accuracy of the body needs to be controlled within 2 mm ͑6 sigma product-to-product variation͒ in order to meet the functional requirements of the vehicle ͓11͔. The automotive assembly process is monitored by measuring certain selected locations on the body assembly and subassemblies. There is no approach that is able to monitor the tooling elements or part joints directly. The fault diagnosis is conducted with the measurement data of the products. Usually, the product dimensions are measured with an in-line optical coordinate measurement machine ͑OCMM͒. Measurement locating points ͑MLPs͒ for monitoring key product and process characteristics are selected at different locations on the body according to importance and requirements. An automotive body usually has 100 to 150 MLPs monitoring the X, Y, and Z coordinates on major subassemblies at different manufacturing stages throughout the assembly process. The measurement information has a multivariate nature, which reveals the dimensional conditions at different locations on the whole body structure. Figure 2 shows an example of the MLPs layout on the final stage of the automotive body assembly. While the multivariate measurements are able to indicate the dimensional conditions at different MLPs, they cannot provide any direct information related to the sources ͑dimensional faults͒ of the dimensional problems. Thus, it is necessary to extract the variation patterns from the multivariate measurement data for fault diagnosis. The variation patterns represent the interrelationship among the multiple variables on the body structure and manifest the symptoms of the faults.
Fault-Symptom Relation and Hypothetical
Dimensional Fault Domain. Dimensional problems are defined as the nonconformance of product dimensions to its designed values. Dimensional problems of automotive body assembly can be two fold in nature and can manifest themselves as dimensional deviations and dimensional variations. Dimensional deviation measures the difference between product feature or characteristic and its designed nominal. Dimensional variation measures the dispersion of a product feature or characteristic among a set of products or parts. Variation is a statistical index that examines the degree of consistency of different product units and the stability of the process. According to quality control theories, for nominal-the-best processes, a two-step procedure is often employed: ͑1͒ reduce the dispersion ͑variation͒, and ͑2͒ move to the nominal ͑reduce the deviation͒.
Step ͑1͒ is more challenging.
In the automotive body assembly process, unit-to-unit variations are among the most frequently occurring dimensional problems. When a manufacturing process is working properly, the variations indicate the random nature of the process; when faults occur, excessive variations reveal the presence of dimensional faults. There are no simple ways to control variations, a comprehensive diagnostic approach that integrates multivariate statistics with information about the product and process design must be employed.
Dimensional variation can be caused by ͑1͒ part misalignment ͑lack of part locating stability͒; and ͑2͒ deformation by Transactions of the ASME part-to-part interferences resulting from part fabrication errors ͓12͔. The latter enables us to consider the compliant characteristics of sheet metal assemblies. The diagnosis of dimensional variation caused by part misalignment for rigid fixtures were described in Ceglarek and Shi ͓5͔ and Apley and Shi ͓6͔. However, there is no method to diagnose the faults of part-to-part interferences.
In this paper, we will focus on the diagnosis of dimensional variation of compliant assemblies. The fault is defined as any part-to-part interferences resulting from part fabrication errors. Considering the compliant characteristics of assemblies, the location of fault and the layout of product design will determine the deformation modes of the assemblies which manifest themselves as different variation patterns from the product measurement data.
In real assembly processes, it is reasonable to assume that one dominant fault exists at a time ͑for one particular assembly station͒. Generally, there are always more than one tooling element and part-to-part joint in an assembly station. It is possible that two faults occur simultaneously. The single-fault-at-a-time assumption is based on the fact that the dominant fault contributes the most to the total variation. Furthermore, based on the design principle of assembly fixturing which requires tooling elements to be independent of each other, there is small probability that two or more faults occur simultaneously. From a diagnosis and process control point of view, if one fault occurs, it should be eliminated right away. If the diagnostic performance is not effective and the fault cannot be eliminated on time, multiple fault situations may occur. In this situation, recursive steps of diagnosis are required. In this paper, a single fault at a time is assumed. All other factors including any possible nondominant simultaneous faults, unmodeled terms and measurement errors are treated as noise.
Beam-based modeling.
The compliant characteristics of sheet metal are modeled by beam-based model. In the literature, Chon et al. ͓13͔ and Shiu et al. ͓10͔ applied the beam structure to model sheet metal assembly products. In the modeling procedure ͓10͔, the automotive body is decoupled into beam elements which represent the functional and structural requirements of the automotive parts. A simplified beam structure of the automotive body is shown in Fig. 3 . The beam-based modeling approaches for both strength analysis and dimensional control of sheet metal assemblies have been shown to be effective. Chon et al. ͓13͔ reported a 95 percent accuracy for the beam-model of vehicle body structure stiffness when compared to real experimental testing results.
The beam-based modeling method in Fig. 3 includes the critical characteristics of the assembly process, such as all fixture locating and holding layout as well as the geometry of part-to-part joints. This allows the model to describe the deformations of parts and subassemblies caused by part-to-part interferences resulting from part fabrication errors. The basic elements of the beam-based model are nodes and beam members. Information in this beam structure model includes: ͑1͒ the position and direction of fixture locators, ͑2͒ the part-to-part joints ͑beam-to-beam joint͒, and ͑3͒ the measurement locating points on each beam member.
In the beam-based model, all dimensional faults are manifested by the deformations of the structure. These deformations are caused by structural forces, which are the results of part-to-part interferences during assembly process.
Based on the structure theory ͓14͔, the deformations of a structure are determined only when the structure is stably located. In general, this requirement is satisfied in the part/subassembly fixturing conditions where the N-2-1 locating schemes are used. The relationship between the structure deformations and structural forces is given by
XϭK

Ϫ1
•P
where Pϭ(p 1 ,p 2 , . . . ,p n ) T represents the vector of total structure forces, and n is the number of nodes on the beam structure, (x 1 ,x 2 , . . . ,x n ) T is the vector of displacements at the corresponding measurement locating points on the structure, and K is the structure stiffness matrix consisting of n by n matrices and can be presented in the following form:
and k i j are the beam member stiffness matrices, and ␤ i j and ␤ ji are compatibility matrices. The details of the derivations of k ii , k i j , ␤ i j and ␤ ji can be found in West ͓14͔ and Shiu et al. ͓10͔. 
Diagnostics of Dimensional Faults Using Inversed Stiffness Matrix "ISM…
In this section, the analytical relationship between the modeled variation patterns and the statistical variation patterns from dimensional measurements will be established, and this relationship is the basis for the fault diagnosis.
The ISM-Diagnostic method is based on the diagnostic vectors derived from the Inversed Stiffness Matrix of the compliant beambased structure model presented in Section 2.
Diagnostic Vectors.
By decoupling the inversed stiffness matrix in Eq. ͑1͒ as
T as a diagnostic vector which is the ith column vector of the inversed stiffness matrix K Ϫ1 . From the beam-based model, the diagnostic vector d(i) (i ϭ1,2, . . . ,n) is a constant vector, which is determined by the properties of the beam-structure, and measures the effect of the ith fault on X. Equation ͑3͒ indicates that the displacement at a certain location on the assembly structure is the superimposition of the deformations caused by each individual fault that occurred. In addition, the variation pattern of the assembly caused by a given fault is solely determined by the diagnostic vector corresponding to that fault.
Under the single fault assumption, the relationship is reduced to
Equation ͑4͒ shows that the variation pattern of the modeled structure is determined by the corresponding diagnostic vector d(i), if only the ith fault occurs.
Description of Variation Pattern
Using PCA. The faults in the actual assembly process are manifested through the measurements at the MLPs. While the measurement data can indicate dimensional problems occurring, they do not directly relate to the faults that cause these dimensional problems. In order to perform diagnosis, the variation patterns of the MLPs need to be extracted from the covariance of the multivariate measurement data. Previous research ͓5͔ proved that the variation patterns of the automotive body assembly can be estimated based on principal component analysis ͑PCA͒. By using PCA, the original set of variables are transformed into a new set of uncorrelated variables which account for most of the variance of the original covariance structure and measure the variation patterns of the data. The principal components and the original variables have the following relationship ͓15͔
where Zϭ(z 1 ,z 2 , . . . ,z j , . . . ,z n ) T is the vector of principal components, Xϭ(x 1 ,x 2 , . . . ,x j , . . . ,x n )
T is the vector of original variables, A is the matrix of eigenvectors of the covariance matrix S of the original variables, and the jth column vector of A,  a j ϭ͓a 1 j ,a 2 j , . . . ,a n j ͔ T , is the jth eigenvector. a j represents the variation pattern of the jth principal component.
According to the PCA, the covariance of the original variables can be represented by the eigenvalues and eigenvectors as
where j is the eigenvalue corresponding to the jth principal component, which accounts for the variance explained by the jth principal component. For a single fault, the variation can be explained by the first eigenvalue/eigenvector pair ( 1 ,a 1 ) . Thus, Eq. ͑6͒ can be reduced to
The standard deviation of the original variables X is
shows that the variation pattern of vector X is determined by eigenvalue/eigenvector pair ( 1 ,a 1 ).
The Relationship Between the Diagnostic Vector and the EigenvectorÕEigenvalue of PCA.
The deformation mode ͑variation pattern͒ of the modeled structure is determined by the diagnostic vectors d(i), as indicated in Eq. ͑4͒. The fault variation patterns can be described by the eigenvalues/eigenvectors of PCA based on the in-line measurement data. The analytical relationship between diagnostic vector and the eigenvalue/eigenvector pair is established here.
Theorem: A single fault, defined by the diagnostic vector d(i) based on the beam structure stiffness matrix ͑Eq. 2͒, is manifested through a variation pattern of a set of measurement points (x 1 ,x 2 , . . . ,x n ) T , and is described by one eigenvalue/eigenvector pair ( 1 ,a 1 ), which has the relation a 1 ϭd(i).
Proof: From Eq. ͑8͒, the total standard deviation of the measurement data set is
From the diagnostic vectors and Eq. ͑4͒, the total standard deviation can be calculated as
where p i is the standard deviation of the ith fault.
Again, from Eq. ͑4͒, the covariance matrix S is equal to
Based on Eq. ͑11͒
Notice that
From Eqs. ͑10͒ and ͑13͒, Eq. ͑12͒ can be represented as
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From Eq. ͑9͒, Eq. ͑14͒ can be arranged as
Since eigenvectors a 1 ,a 2 , . . . ,a n are orthonormal, so we have
which is equivalent to the definition of eigenvector a 1 , thus a 1 ϭd(i).
Fault Mapping Procedure.
Diagnostic reasoning in the ISM-Diagnostic method is based on matching the fault variation pattern ͑represented by eigenvalue/eigenvector pair obtained from the measurement data͒ against individual diagnostic vectors.
A statistical hypothesis test method is employed here to develop the decision criteria.
Let ͚ represent the covariance matrix of X for the whole population, and i 's and h i 's be the eigenvalues and eigenvectors of ͚. Let i 's and a i 's be the corresponding eigenvalues and eigenvectors for the sample covariance matrix S.
A hypothesis is formulated to test each diagnostic vector against the eigenvector that represents the fault pattern:
where h 1 is the largest eigenvector of ͚ that corresponds to the fault vector. d(i) is the ith diagnostic vector of the model.
According to the multivariate analysis theory ͓16͔, if the sampled eigenvector i is a distinct root, the statistic yϭ(N Ϫ1)
1/2 (a 1 Ϫh 1 ) follows a n-variate normal distribution of
where N is the sample size. A test statistic can be formulated as
and ⍀ i follows nϪ1
2
. Details of derivation are provided in the Appendix.
Simulation Results
In order to illustrate the proposed diagnosis method, simulations were conducted for various hypothetical faults. The structure of the rear door frame of a truck body is modeled and diagnosed in this study. The simulation procedure is illustrated in Fig. 4 . Figure 5͑a͒ shows that the rear door frame includes the header member and two side pillars. Two MLPs located on the side pillars are used to monitor the dimensional variation of the door frame. Figure 5͑b͒ indicates the corresponding beam structure model of the rear door frame. This beam structure model describes the following information:
͑i͒ position and direction of locators in the fixture ͑by nodes 1, 2, 3, 6, 7 and 10͒; ͑ii͒ part-to-part joints ͑by nodes 5 and 8͒; ͑iii͒ measurement points ͑by nodes 4 and 9, representing MLP1 and MLP2 respectively͒; ͑iv͒ potential structural faults are assumed to be at any joints.
The beam-based model is developed following the procedure of Section 2. The elements of the beam-based model are summarized in Table 1 .
The stiffness of each beam member representing the part/ subassembly of the rear door frame was simplified to uniformity in the simulation. The normalized diagnostic vectors of this structure are derived and shown in Table 2 .
To verify the robustness of the diagnostic approach for the single-fault-at-a-time assumption, the noise/signal ratio is set to be 30 percent, which indicates that the dominant fault accounts for 70 percent of the total variation. The simulated data for hypothetical faults are assumed to be normally distributed. PCA is performed based on the simulated structure displacements under hypothetical faults, and the eigenvectors ͑variation patterns͒ of the simulated data of all hypothetical faults are summarized in Table 3 .
Hypothesis test is performed for each fault model. The test results for all of the simulated faults are summarized in Table 4 .
In the structure used in the simulation, nϭ2. Let type I error ␣ϭ0.01, then (␣,nϪ1) 2 ϭ (0.01,1) 2 ϭ6.63. Fault 5 is used as an example to illustrate the test results. Based on the decision criteria, the test results for fault 5 indicate that d͑1͒, d͑2͒, d͑3͒, d͑4͒, and d͑6͒ should be rejected. Since ⍀ 5 ϭ2.17Ͻ6.63, we conclude that d͑5͒ is the matching diagnostic vector of a 1 . From Table 2 , we can find that diagnostic vector d͑5͒ corresponds to fault at node 8 in Z direction.
Based on the proposed procedure, the diagnostic vector corresponding to each simulated structure fault can be isolated.
Case Study
The case study presented here is from the real production of a domestic automotive body assembly process ͓17͔.
The measurement point locations are the same as those described in Section 4, MLP1 and MLP2 on the rear doorframe ͑Fig. 5͑a͒͒. A large variation was observed in the X direction of the rear door opening. Figure 6 shows the in-line measurements at these two points.
The diagnostic vectors are the same as in Table 2 . PCA analysis of the measurement data shows that the first variation pattern explains 95.2 percent of the total variation. The first eigenvalue is 1 ϭ0.3569, and the eigenvector corresponding to the 1st eigenvalue is a 1 ϭ͓0.7398 0.6729͔
T . Again, hypothesis tests for each diagnostic vector d(i) in Table  2 against the fault vector a 1 are conducted. Set the type I error ␣ϭ0.01, (␣,nϪ1) 2 ϭ (0.01,1) 2 ϭ6.63. The test results are shown in Table 5 . Table 1 The modeling elements of the beam structure of rear door frame Table 2 The normalized diagnostic vectors for different hypothetical faults Table 3 The eigenvectors for the simulated displacements Transactions of the ASME Diagnostic vector d͑2͒ is concluded as the matching diagnostic vector of a 1 . From Table 2 , diagnostic vector d͑2͒ corresponds to node 5 in X direction. Therefore, it was diagnosed that fault 2 ͑at node 5 in X direction͒ was the root cause of the dimensional problem described by the analyzed data with confidence of 99 percent. The detailed investigation of the fixture in the manufacturing process confirmed the interference between the header panel and the right side pillar of the rear doorframe in the area of upper right corner ͑node 5; Fig. 5͑b͒͒ in the X direction.
Conclusion
The complexity of modern sheet metal assembly processes requires systematic in-process fault diagnostic methods for detection and isolation of dimensional faults considering the compliance characteristics of sheet metals. Such diagnostic methods need to be based on the comprehensive model of key process and product characteristics. Currently used diagnostic methodologies are based on the assumption of rigid parts and can diagnose only fixture-related faults ͑part misalignment during assembly process or lack of part location stability͒. This paper develops a diagnostic method for compliant assemblies based on the beam structure model and in-line measurements. The presented method is generic and can be applied to a general class of assembly processes of compliant parts.
The developed methodology allows the identification and isolation of dimensional faults of part-to-part interferences resulted from part fabrication errors in compliant assemblies. A generic analytical model of dimensional faults ͑variation patterns͒ for compliant beam structure assemblies is developed in the form of diagnostic vector based on the inversed stiffness matrix of the modeled beam structure. Fault variation patterns obtained from measurement data are modeled as eigenvalue/eigenvector pairs using principal component analysis. The analytical relationship between diagnostic vectors and fault variation patterns obtained is derived, which establishes the basis for the fault diagnosis. The mapping of unknown faults ͑eigenvalue/eigenvector pair͒ against a set of fault pattern models ͑diagnostic vectors͒ is developed based on statistical hypothesis tests. Simulations are performed to verify the developed approach. One case study based on real production data is presented. Both the simulation and the case study demonstrated that the dimensional faults can be isolated effectively by using this diagnostic approach.
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Appendix: Derivation of the Hypothesis Test Used in the Proposed Diagnostic Method
Let ⌺ represent the covariance matrix of measurements X for the whole population, and i 's and h i 's be the eigenvalues and eigenvectors of ⌺. And let i 's and a i 's represent the corresponding eigenvalues and eigenvectors for the sample covariance matrix S.
The test hypotheses are:
where h 1 is the largest eigenvector of ⌺ that corresponds to the fault vector. d(i) is the ith diagnostic vector of the model. From Muirhead ͓16͔, the sampled eigenvectors follow a certain distribution. If i is a distinct root, then as (NϪ1)→ϱ, (N Ϫ1) 1/2 (a i Ϫh i ) follow n-variate normal distribution of N n (0,⌫), where
and N is the sample size. Therefore, the distribution of yϭ(NϪ1) 1/2 (a 1 Ϫh 1 ) is N n (0,⌫), where Table 5 The hypothesis test results for the diagnostic vectors
